Abstract. Site-specific 
Introduction
Soils in the Southeastern US have highly compacted root-restricting layers (hardpan) that adversely affect the crop production and the environment (Camp and Lund, 1968; Campbell et al., 1974; Busscher et al., 2006) . The compacted layers are mechanically disrupted on annual or biannual basis using a sub-soiling operation to provide optimal rooting environment (Raper et al., 2004) . Precision tillage that accounts for the spatial variability of soil hardpan has a potential in reducing tillage fuel consumption (Fulton et al., 1996; Gorucu et al., 2002; Raper et al. 2004 ).
Precision (site-specific) tillage is a management strategy whereby deep tillage could be applied at variable depths according to the soil compaction needs in the field. The success of precision tillage depends on the availability of accurate soil compaction sensing, field positioning, quantifying the field variability, and controlling the application of real-time or prescribed tillage. A measure of soil compaction can be obtained by a cone penetrometer which is a standardized device that measures the penetration force required to vertically insert a cylindrical rode with a steel cone down into the soil (ASAE 1999a, b) . The data are reported as cone index (penetration force / cone base area) that empirically determines soil compaction.
Being a point measurement, the sampling designs and interpolations of point cone penetrometer measurements for field or landscape level requires an understanding of the spatial continuity of soil strength or cone penetration resistance. Due to the influences of soil forming factors (climate, vegetation, geologic parent materials, topography and time) and management practices, soil properties exhibit inherent spatial variability within fields, across landscapes and on a regional scale (Mulla and McBratney, 1999) . Soil strength also exhibits spatial variability across field and within a field (Clark, 1999; Raper et al., 2005; Tekeste et al., 2005) . Among other factors, sampling issues is important for accurate representation of soil spatial variability in precision agriculture (Rains et al., 2001) Geo-statistical techniques appropriately describe spatial variability and interpolation for un-sampled locations better than classical statistical methods that assume random distribution of residuals and spatial independence of variables (Isaaks and Srivastava, 1989) . In the geo spatial solutions using kriging interpolation method, a sampling scheme can be defined depending on the grid configuration, the search radius for interpolation, the number of points to be used for interpolation and the grid spacing (McBratney et al., 1981; Olea, 1984) . A geo referenced based cone index sampling design is a key procedure in precision tillage management for quantifying the soil hardpan variables and creating soil compaction map for prescribing deep tillage. Prior to cone index sampling, some important sampling issues that need to be considered are: 1) the sampling configuration; and 2) the number of sampling points or sampling intervals that would capture the spatial continuity and achieve the desired interpolation accuracy. Sampling should also be carried out within a time period that the soil moisture should not vary much to cause undesired effects on cone index readings. Square grid configuration is often employed for its simplicity in field operations for sampling of soil physical properties (Fulton et al., 1996; Raper et al, 2005; Veronese et al., 2005) . Intensive sampling may provide detailed information on spatial continuity of a regionalized variable but it may be expensive and time consuming. Sparse sampling, on the other hand, could be cheap but it may miss important information for describing the spatial continuity of a regionalized variable.
Researchers have studied spatial variability of penetration resistance (cone index) for mapping soil compaction using grid sampling procedure of 30 m x 30 m (Fulton et al., 1996) (ASAE 1999b) have been defined to determine minimum sample size; however, such method could not be applied for spatial dependent variables. Quantitative method of optimization of sampling design is proposed in this study for mapping of soil compaction. The method is based on the ordinary kriging variance analysis from point samples of cone index collected on 10 m x 10 m grid system. A sampling design that has acceptable kriging estimated errors was considered as an optimal scheme with reduced sampling costs and enables to achieve the desired accuracy of soil compaction mapping for precision tillage applications. The objectives of the study were: 1) to determine kriging variance for four grid spacing systems; and 2) to develop a method for sampling optimization scheme using kriging variance analysis.
Materials and Methods

Ordinary Kriging Analysis
Analysis and modeling of spatial variability involves estimation of semivariances, fitting theoretical variogram models and kriging for spatial interpolations (Isaaks and Srivastava, 1989; Mulla and McBratney, 1999; Donald and Ole, 2003) . Estimation of the semivariances were obtained using equation 1 (Isaaks and Srivastava, 1989) .
Where γ(h) is the semivariance for interval class h, N(h) is the number of pairs separated by lag distance, Z(x i ) is a measured variable at spatial location x i , Z(x i + h) is a measured variable at spatial location of x i + h. The semivariogram models are used to define the distribution of semivariances. The spatial structure (γ(h) =C o +C) of a semivariogram comprises three basic parameters: nugget effect (C o ) , sill (C o +C), and range. The nugget effect is the variation due to sampling errors, micro-scale variability, or measurement errors that occurs at a scale smaller than the sampling interval. The sill is the asymptote of the semivariogram model. The range is a separation distance at which the semivariogram levels off at the sill and it indicates the distance over which the pairs of values of the variable exhibit spatially dependent. The theoretical semivariogram models that best fits the estimated semivariances distribution can be determined using non-linear fitting techniques. Theoretical models of the spherical, exponential, Gaussian, linear, or power forms could be considered in model fitting.
The kriging technique uses the optimal theoretical semivariogram model to predict values of the variable at the un-sampled locations. Ordinary kriging is the most widely used interpolation method in geo-statistical analysis of a regionalized variable (Van Groenigen, 2000) .
The ordinary kriging system is an unbiased linear estimator that uses a weighted linear combination of the measured values (eq. 2) to predict the values at the un-sampled locations (Donald and Ole, 2003) . The ordinary kriging system (eq. 3) is determined by minimizing the ⎛ − ⎞ 2 mean square estimate error,E ⎜ z^o ( ) z x o ⎟ , and applying the constraint condition for the sum of ⎝ ⎠ n kriging weight coefficients,
i Using the Lagrange multiplier optimization method (Kitanidis, 1997), the expression of minimum mean square estimation error and the constrain expression are solved to produce kriging system.
where υ is a Lagrange multiplier; λ is weighing coefficients; γ(z(x i )− z(x o )) is the semivariogram model and x is location vector (Kitanidis, 1997). The kriging variance (σ 2 k ) which is a measure of the estimation error is defined as;
The kriging system of equations indicated that once the semivariogram model and the sampling configuration is predefined, the kriging estimates and the kriging variance will be uniquely related the spacing of point samples. The kriging variance (eq. 4) obtained for different grid spacing systems can provide a comparative assessment of the kriging performance. The main focus in this study was how would the kriging prediction affected for sampling spacing grid systems that are related to optimal sampling scheme associated with sampling time, cost and the desired accuracy of soil compaction mapping.
Experimental Site Description
The data for the kriging analysis was obtained from an experiment conducted on an area of 
Results and Discussions
The peak cone index and the depth to the peak cone index that characterize the hardpan of Pacolet sandy loam soil are shown in Table 2 . The peak cone index was significantly higher (28% increase) under the dry soil condition than it was under the wet soil condition (P < 0.0001). The depth to the peak cone index appeared to be less affected by soil drying that the depth decreased only 5% (Table 2) (Table 3) . Kriging estimates and the kriging variances computed for the wet and dry sampling periods are shown in Table 4 and Table 5 . The kriging variances for the peak cone index and the depth to the peak cone index increased as the grid spacing increased (fig. 4) . In all conditions of grid spacing, semivariogram model and the variable studied, the increase in the kriging variance (σ For the peak cone index on the wet sampling period, the kriging variance were significantly affected by the type of semivariogram model, the grid spacing and their interactions (P < 0.0001) with smaller variance when the exponential model was used. The effects of the type of semivariogram model, the grid spacing and their interactions on the kriging variance of the depth to the peak cone index were also statistically significant (P < 0.0001). The kriging variances for the depth to the peak cone index were higher than the peak cone index.
On the dry soil moisture conditions ( fig. 5 ), the kriging variances for both the peak cone index and the depth to the peak cone index also increased as a function of grip spacing. The values at the dry soil conditions were higher than the wet soil conditions. Notice in all conditions, the kriging variances for both the peak cone index and the depth to the peak cone index for the 
Conclusion
The following conclusions can be drawn from this study. Table 3 Descriptive semivariogram properties for the peak cone index and the depth to the peak cone index for the two measurement dates of June 29, 2004 ('Wet Sampling Period') and August 25, 2004 ('Dry Sampling Period') . Letters of the same type within each plot indicate no statistical differences (α=0.05).
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